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ABSTRACT
The Graph Drawing community uses test suites for comparing layout quality and eciency. Those suites often
claim to collect randomly generated graphs, although in most cases randomness is a loosely dened notion.
We propose a simple algorithm for generating acyclic digraphs with a given number of vertices uniformly at
random. Applying standard combinatorial techniques, we describe the overall shape and average edge density
of an acyclic digraph. The usefulness of our algorithm resides in the possibility of controlling edge density of
the generated graphs. We have used our technique to build a large test suite of acyclic digraphs with various
edge density and number of vertices ranging from 10 to 1000.
2000 Mathematics Subject Classication: 05A15, 05A16, 05C80, 68U05
Keywords and Phrases: graph drawing, information visualization, directed acyclic graphs, random gener-
ation
Note: At CWI, the work was carried under the project INS3.2 \Information Visualization".
The on-line version of this report contains parts of the gures in colour
1
.
1. Introduction
Although a large number of results which are published in the area of Graph Drawing are based on
deterministic mathematical facts, there are also other signicant issues which rely on \softer" ar-
gumentations. Layout algorithms are often judged on aesthetic results [5]; the expected statistical
characteristics of metrics are used to visualize graphs and/or to control interaction [22, 12, 14]; mea-
surements on the average running time is often used to make a proper choice among layout algorithms,
etc. To be more solid, all these argumentations require experimentation on a test suite consisting of
a large number of graphs. Moreover, to be statistically reliable, the underlying distribution of the
test suite should be known, and the sample generation process should be reproducible. Hence the
importance for the Graph Drawing community to have an access to random sequences of graphs and,
moreover, to have a reliable method to generate those at will.
In specic cases, working with a general uniform distribution of graph samples might not be satis-
factory. It is often necessary to build a test suite constrained by some specic characteristics. As an
example, one might want to test a specic layout algorithm on a suite of graphs whose average edge
density fall within some well dened bounds, or where the degree for each node is below than a specic
value. When applying Graph Drawing to Information Visualization, for example, the characteristics
1
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n 1 2 3 4 5 6 7 8 9
a
n
1 3 25 543 29281 3781503 1138779265 783702329343 1213442454842881
Table 1: Number of labeled acyclic digraphs on n = 1, : : : , 9 vertices
of a layout algorithm on such samples might be of a primary importance in choosing the right layout
algorithm [18]. Some suites have been recently proposed and have become used by the researchers
in the eld; they appear as a common point of reference for comparing eciency and quality of new
layout algorithms
2
. Most of these suites claim to be random, although this notion seems to be loosely
dened. The fact that it is impossible to predict the outcome of a generation algorithm has no direct
implication on the underlying distribution it follows, and certainly does not help to establish any
result concerning it.
This paper describes a method for the generation of random suites of acyclic directed graphs (di-
graphs). The choice of acyclic digraphs has been motivated by their importance as basic data struc-
tures for a number of Information Visualization applications. Acyclic digraphs have been at the heart
of many problems in Graph Drawing and are still the subject of active research [5].
When randomly selecting objects in a set, one usually relies on a distribution which describes the
probability for each object to be selected. Most often, this distribution will be uniform, that is every
object will be assigned the same probability, which is then completely determined by the number
of objects in the set. However, when designing an ad hoc generating process, it might be dicult
to prove that the underlying distribution is indeed uniform over the set of graphs it generates. An
alternative approach is to start with a process for which the underlying distribution is known and then
study the properties that the generated objects would share. It is this approach that we have followed.
We give an algorithm, based on a Markov chain, to generate uniformly distributed random acyclic
digraphs of a given size (Section 2). Fortunately, the enumeration of acyclic digraphs is rich enough
to enable us to predict some of the properties the acyclic digraphs have on average. For example, we
can compute the expected average number of edges as well as the expected number of out-points of an
acyclic digraph with a given number of vertices (Section 2.2). Furthermore, our generation algorithm
can deal with various constraints. In particular, we show how the Markov chain can be adapted to
produce uniformly distributed random acyclic digraphs with bounded total degree, or bounded vertex
degree. Hence our method is exible and oers a way of controlling edge density of the resulting
graphs, which makes it particularly valuable for Graph Drawing research.
2. A Markov chain algorithm
The exhaustive algorithm of listing all possible acyclic digraphs and choosing one at random is certainly
not viable, since the number a
n
of acyclic digraphs on n vertices grows too rapidly (the value log a
n
grows as a quadratic function of n; cf Table 1 below). The algorithm we propose relies on a Markov
chain process for building an acyclic digraph with a prescribed number of vertices uniformly at random,
starting from the empty graph. Our method is inspired from the work by Denise et al. [9] for generating
random planar graphs.
Let V = f1, : : : , ng denote the set of underlying vertices of the graphs we consider. We dene a
Markov chain M with state space all acyclic digraphs over the set of vertices V . A Markov chain is
completely determined by its transition function prescribing the probability that the chain goes from
a given state to any other possible state. In our case, the transition function is as follows. Let us
agree that a position consists of an ordered pair (i; j) of distinct vertices of V . If X
t
denotes the state
2
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of the Markov chain at time t, then X
t+1
is chosen according to the rules (a) and (b) below. Suppose
a position (i; j) is chosen uniformly at random.
(a) If the position (i; j) corresponds to an arc e in X
t
, then X
t+1
= X
t
n e. That is, the edge e is
deleted from the graph associated with X
t
.
(b) If the position (i; j) does not correspond to an arc in X
t
, then X
t+1
is obtained from X
t
by
adding this arc, provided that the underlying graph remains acyclic; otherwise X
t+1
= X
t
.
It is easy to verify that (X
t
) is an irreducible aperiodic Markov chain whose transition matrix
is symmetric. Thus, (X
t
) has a limiting stationary distribution which is uniform over the set of all
acyclic digraphs over the set of vertices V . Indeed,M being ergodic, it converges to a unique stationary
distribution, and one easily checks that the uniform distribution is indeed stationary (see, e.g., [8, 2]).
The stationary distribution is reached whatever initial distribution we take. So in particular, starting
the process on the empty graph gives an eective way of generating an acyclic digraph over the set
V uniformly at random. As is always the case, the closeness of the approximation is governed by the
mixing rate of the chain (and the choice of the initial distribution). The problem of nding how long
the chain has to be iterated in order to be -close to the uniform distribution is a dicult one. Our
experimentations tend to show that iterating the chain a quadratic number of times brings the process
acceptably close to the uniform distribution (at least as close as needed when generating a test set
of graphs for a layout). This generating process (with the same iterating bound) was used to build
samples of graphs for comparing various implementations of layout algorithms [18]. Figure 1 gives an
example of a graph with 20 vertices generated using the Markov chain.
Figure 1: A randomly generated acyclic digraph with 20 vertices. The nodes are vertically positioned
by layers.
Proposition 1 Assuming that the Markov chain stabilizes after cn
2
steps, then the algorithm it pro-
vides for generating an acyclic digraph uniformly at random works in average time O(n
3
logn).
At each step of the algorithm where an edge is potentially added (not already in the underlying
graph), we must check if its addition creates a cycle. That check can be eciently done, using a
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breath-rst-search in the graph, and relying on a queue not using more than linear space adapted
from the algorithm by Itai and Rodeh [3, Section 6.1]. Since the algorithm by Itai and Rodeh runs in
time n logn on the average we get the result (cf [3, Th. 5]).
2.1 An alternative generating process
A \constructive" and alternative approach to the Markov chain process is possible. Robinson[20] gave
a closed formula to compute the number of labeled acyclic digraphs that induces a decomposition
process. Indeed, let G be an acyclic digraph with k out-points (points with incoming degree 0, usually
drawn at the top of the diagram and sometimes called source points [15]); denote by K the set of
these out-points in G (so jKj = k). Consider the graph G
0
whose vertices are V
0
= V nK, with edges
those between vertices of V
0
in G and denote by S the set of its out-points, with jSj = s. The graph
G
0
is itself an acyclic digraph. Moreover in G, every vertex in S must be the successor of at least one
vertex in K. Finally, apart from these arcs and those in G
0
, there are arcs going from vertices in K
to vertices in V
0
n S. From which we get the recurrence [20]:
a
(k)
n
=
n k
X
s=1

n
k

(2
k
  1)
s
2
k(n k s)
a
(s)
n k
; (2.1)
where a
(k)
n
denotes the number of acyclic digraphs with n vertices, k of which are out-points (with
a
(0)
n
= 0 if k > 0 and a
(0)
0
= 1). This decomposition for acyclic digraphs could in principle be used
to generate an acyclic digraph, using the following algorithm. Let n  0 and 0  k  n respectively
denote the number of vertices and out-points of the acyclic digraph to generate.
1. Randomly select a non-empty subset K of V = f1, : : : , ng with k elements.
2. Randomly select an integer s between 1 and n  k with probability distribution
P (s) =

n
k

(2
k 1
)
s
2
k(n k s)
a
(s)
n k
=a
k
n
:
Let us agree to denote by S a subset of s elements, chosen among V nK. This set shall only be
determined when recursively calling the procedure and applying the preceding step, but being
able to already refer to it makes things clearer.
3. Randomly and independently select s non-empty subsets of K (one for each element in S).
4. Randomly and independently select (n k s) possibly empty subsets of K (one for each element
in V n (K [ S)).
5. Randomly select an acyclic digraph on n   k vertices, having s out-points (it is at this stage
that the set S shall be determined).
6. Use the various preceding components to build the graph G to output.
Note that this algorithm would rst need to choose the integer k using the probability distribution
a
(k)
n
=a
n
(k = 1, : : : , n). The implementation of such a procedure necessitates the use of the numbers
a
(k)
n
for all n and k, which should be pre-calculated. This is possible, to some extent, since symbolic
computation packages can easily compute a
(k)
n
for values of n and k up to a little less than a thou-
sand. However, those packages are usually not ecient when performing demanding algorithms on
graphs and in the end, a solution is to store the numbers in tables and implement the algorithm in
a traditionnal programming environment. This solution still requires to manipulate the numbers a
(k)
n
and a
n
. The fast growth of those numbers requires quadratic space and consequently, it is necessary
to rely on a specialized library capable of dealing with the arithmetic of large numbers (see [19], for
instance). Moreover, it is not at all clear that the above algorithm would have a complexity clearly
below that given by the Markov chain.
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2.2 Properties of random acyclic digraphs
Random generation is often used as an experimental approach to discover properties of the generated
objects. In our case, as we shall see, experimentation is not needed since the generating function for
the number of acyclic digraphs can be used to get explicit asymptotic values for various parameters.
Although technical, this subsection illustrates how combinatorial analysis can help to describe the
overall \aesthetic" of the set of acyclic digraphs. This is important when evaluating what cases the
graphs output by the Markov chain cover (within the set of cases an algorithm should be tested on).
Average number of edges. Our rst observation was that we could borrow a result from Denise et
al. [9] to give a lower bound for the average number of edges in a random acyclic digraph.
Proposition 2 The average number of edges in the random acyclic digraph over n vertices is at least
n(n 1)
4
.
As in [9], this follows from a more general result we need to state in order to sketch a proof for
Prop. 2. The proof is interesting in that it partly reveals the structure of the state space of the Markov
chain we use to generate the acyclic digraphs.
Lemma 1 (cf [9, Theorem 2]) Let E be a nite set, and D a family of subsets of E such that:
(i) if X is in D, and if Y  X then Y is in D;
(ii) all maximal members of D have the same cardinality m.
Then the expected number of elements of a random member of D is at least
m
2
.
Any acyclic digraph is uniquely determined by its set of arcs. Thus, we may apply Lemma 1
by taking for D the family of those sets of arcs of all possible acyclic digraphs on V = f1, : : : ,
ng. Condition (i) is straightforward since any subgraph of an acyclic digraph is itself acyclic. The
proposition then follows from the following claim: all maximal members in the family of (sets of arcs
of) acyclic digraphs over a set of n elements have n(n   1)=2 arcs. To prove the claim we rst note
that any acyclic digraph has at most n(n   1)=2 elements. Indeed, of the two arcs (i; j) or (j; i)
an acyclic digraph may contain at most one. Hence there is a well dened and unique undirected
graph associated with any acyclic digraph. Moreover, the (undirected) complete graph can be given
an acyclic orientation; this is easily achieved by dening an orientation for all edges using the rule:
fi; jg is oriented as (i; j) if and only if i < j. Hence, there are acyclic digraphs with n(n  1)=2 edges.
Finally, observe that any acyclic digraph G with less than n(n   1)=2 edges can be extended to a
graph having one more arc. Indeed, in that case there must exist a pair fi; jg of non-adjacent vertices.
Then either the arc (i; j) or the arc (j; i) can be added to G without introducing a directed cycle. If
it was not the case, then we would conclude that there already is a cycle in G, which is impossible.
Actually, this lower bound is very close to the asymptotic value for the number of edges in a random
acyclic digraph, as shows the following theorem:
Theorem 1 The average number of edges in an acyclic digraph on n vertices is  n
2
=4.
Denote by a
n;p
the number of acyclic digraphs on n vertices with p edges. Consider the polynomial
A
n
(x) =
P
p0
a
n;p
x
p
and the generating function A(x; t) =
P
n0
A
n
(x)
n!
t
n
(1+x)
(
n
2
)
. Rodionov [16]
proved the identity:
A(x; t) = (D(x; t))
 1
; where D(x; t) =
1
X
m=0
( 1)
m
m!
t
m
(1 + x)
(
m
2
)
:
We need to evaluate the quantity A
0
n
(1)=A
n
(1). Dierentiating A(x; t) with respect to x and eval-
uating at x = 1, we get
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@A(x; t)
@x
j
x=1
=
1
X
n=0
A
0
n
(1)
n!
t
n
2
(
n
2
)
 
1
X
n=0
A
n
(1)
n!
t
n
2
(
n
2
)
+1

n
2

(2.2)
=  
@D(x; t)
@x
=D(x; t)
2
j
x=1
We write D(t) for the value of D(x; t) at x = 1. Now, rearranging the second term in Eq. (2.2) we
compute:
1
X
n=0
A
0
n
(1)
n!
t
n
2
(
n
2
)
=
t
2
4
@
2
@t
2
1
D(t)
 
@D(x; t)
@x
=D(x; t)
2
j
x=1
:
Combined with the easily obtained identity
@D
@x
j
x=1
=  
t
2
4
@
2
@t
2
D(t), we get:
1
X
n=0
A
0
n
(1)
n!
t
n
2
(
n
2
)
=
t
2
4
 
@
2
@t
2
1
D(t)
+
@
2
@t
2
D(t)
D(t)
2
!
=
t
2
2
(
@D(t)
@t
)
2
D(t)
3
(2.3)
We conclude from the previous calculations, that our approximation will depend on our knowledge
of the function D(t), and more particularly on the knowledge of its zeroes and its singularities. Now,
it turns out that this function is entire and that all its zeros are real. This has already been observed
by Robinson [20]; he gave a value for the rst zero of D(t), which is   1:4880785456. Moreover, this
zero is simple. Expanding D(t) around  and substituting this into Eq. (2.3), we obtain:
t
2
2
(
@D(t)
@t
)
2
D(t)
3
'

2
2
D
0
()
2
(t  )
3
D
0
()
3
;
where D
0
() denotes
@D
@t
(t) evaluated at t = . This in turn is equal to  
1
2D
0
()(1 t=)
3
. Expanding
the term (1  t=)
3
to get the coecient of t
n
, we nd:
A
0
n
(1)
n!
2
 
(
n
2
)
  
1
2D
0
()
1

n
n
2
2
=  
n
2
4
n+1
D
0
()
:
The predicted approximation is a consequence of
A
n
(1)
n!
2
 
(
n
2
)
  1=(
n+1
D
0
()), which follows from
A(1; t)   1=(D
0
()(1  t=)), by expanding D(1; t) around . Observe that Theorem 1 implies that
the average degree of a node is n=2.
Remark 1 Robinson was the rst to enumerate acyclic digraphs. Bender et al. [7] gave asymptotic
formulas for the numbers a
n;p
. Robinson also looked at the problem of enumerating unlabeled acyclic
digraphs [21]. Randomly generating unlabeled acyclic digraphs would perfectly t the needs of Graph
Drawing, since the labels serve no particular purpose here; moreover, the number of unlabeled struc-
tures are way below those stated in Table 1 (see Table 2 below). However, this is in general a more
dicult problem since it involves dealing with the symmetry group of the underlying structures. See
[21, 6] for results on those numbers and their asymptotic approximations.
n 1 2 3 4 5 6 7 8 9
a
n
1 2 6 31 302 5984 243668 20286025 3424938010
Table 2: Number of unlabeled acyclic digraphs on n = 1, : : : , 9 vertices
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Width and height of acyclic digraphs. The number of out-points (source points) of an acyclic
digraphs could be interpreted as a measure of its width. At least when dealing with random acyclic
digraphs, our experiments show that we may expect this measure to be uniform through the levels of
the graphs and thus this interpretation makes sense. The problem of counting the number of acyclic
digraphs with respect to their numbers of vertices and number of out-points was addressed by Liskovec
[1] and Gessel [15]. A striking fact is that when computing the average number of out-points in acyclic
digraphs we nd that:
lim
n!1
P
n
k=1
ka
(k)
n
a
n
=  (2.4)
where  is the rst (and simple) zero of the function D(t) dened above. Incidentally, the methods
used by Rodionov [16] can be adapted to deal with the generating series of acyclic digraphs according
to their number of vertices and number of out-points. Gessel [15] gave an identity from which we were
able to prove Eq. (2.4).
Similarly, the height of an acyclic digraph can be dened as its number of levels, that is the height
of the graph is equal to the length of a maximal path starting from an out-point in the graph. Our
experimentations indicate that this number is about 2n=3 which seems coherent with the intuition
that the product of the height and the width of an acyclic digraph should be n.
3. Gaining control over edge density
The properties of a random acyclic digraph as given above describe its overall shape and also indicates
that it has a very high edge density. This density is much higher than what is usually considered
as \dense" (a graph with n nodes and 2n edges is sometimes considered dense). Our generation
process cannot be used to produce acyclic digraphs with edge density higher than n
2
=4, but this can
certainly not be seen as a defect (!). However, we shall describe here how the Markov chain can be
slightly modied to work on a state space consisting of graphs with lower edge density, thus providing
generators for random acyclic digraphs that t the needs of Graph Drawing.
Imposing on step (b) of the Markov chain the additional condition that, for example, the total
degree of a graph does not exceed a given bound d does not violate any of the required property
for the chain to be ergodic. Indeed, the state space remains irreducible and the transition function
preserves symmetry and aperiodicity. Thus iterating the process with this additional requirement
provides a way of generating acyclic digraphs with bounded edge density uniformly at random (within
the set of acyclic digraphs having total degree  d). Since the Markov chain works by systematically
adding an edge whenever possible, it will indeed produce graphs with a number of edges very close to
the xed upper bound.
Similarly, we could impose a condition on the degree of vertices, asking that it does not exceed a
given bound d. Again, the chain remains ergodic and we get a generating process oering control over
edge density. In this case, the edges will be distributed over the vertices in a more uniform way than
with the preceding condition. With this particular condition, the Markov chain will output graphs
with a number of edges close to nd=2 (since every vertex will tend to have a number of edges close
to d). Figure 2 gives an example of a graph on 30 vertices generated with the Markov chain with the
condition that the vertex degree does not exceed degree d = 4.
Observe that the results given in section 2.2 describing the overall shape of a random acyclic digraph
are not valid anymore. For instance, acyclic digraphs obtained when using for d a value as small as
d = 2 will produce acyclic digraphs with many out-points. We have used our technique to build a
large test suite
3
of acyclic digraphs with various edge density and number of vertices ranging from 10
to 1000. Our algorithm can also be adapted to produce acyclic digraphs with varying edge density,
by rst generating an acyclic digraph using the Markov chain (with a given upper bound on vertex
3
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Figure 2: Randomly generated acyclic digraph with 30 vertices and edge density bounded by 60 (twice
the number of nodes)
.
degree, say), and then select a subset of the nodes on which additional edges are added (using the
Markov chain again).
4. Conclusion and future work
As mentioned earlier, our approach is very much inspired by the work of Denise et al. [9] on random
planar graphs. Deterministic algorithms exist for randomly generating various families of trees [4].
Schaeer [10, 11] recently proposed ecient procedures for random generation of planar maps. The
problem of randomly generating structures is often closely related to that of enumerating them.
Combinatorial mathematics can certainly help the Graph Drawing community by providing tools
to help investigate \aesthetic" properties of certain families of graphs. Other families of graphs, which
seem relevant for Graph Drawing, have not been looked at from an enumerative point of view. Leveled
graphs, for example, form an important subclass of graphs studied by the Graph Drawing community
for which the methods presented here do not directly apply.
Our graph generation methods have been implemented as a (command{line style) Java application,
which generates its output either in GML or in a local vocabulary of XML used to describe graphs for
Graph Visualization [13]. Our application consists of a small number of Java classes that implement
the Markov chain and the cycle{checking algorithm by Itai and Rodeh [3]. The data structures we
use to store and manipulate the graphs use a Java API called the Graph Visualization Framework
[17], which is available on the web
3
.
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